Sample collection
Of the 18 HD patients, blood samples were collected from the vascular access prior to the mid-week dialysis session at the first study visit [week (W) 0; all in September 2013) and at the subsequent visits after 1, 2, 3, 4, 8, 12 and 16 (W1-W16) weeks. Blood samples were allowed to clot at room temperature for 20-30 min before centrifugation (10 min, 1250g at 4°C), serum was aliquoted and stored at -80°C until batch analysis. In parallel, fecal samples were collected. Seventeen HD patients provided one or more fecal samples that were used for microbiome analysis (Supplementary Table S1 ). As one of these patients (patient 13) was only able to provide a single fecal sample (W3), the total number of patients with consecutive samples was 16. The overall compliance to the fecal sampling protocol was high, with 70% of patients providing at least 7 (out of 8) fecal samples at the time of blood sampling. Upon collection, fecal samples were kept cool and they were aliquoted and stored at -80 °C within 6 hours, until batch analysis.
Quantification of uremic blood metabolites
Urea, creatinine and phosphorus were measured by standard laboratory methods. The protein-bound solutes p-cresyl glucuronide (pCG), hippuric acid (HA), indole acetic acid (IAA), indoxyl sulfate, p-cresyl sulfate and 3-carboxy-4-methyl-5-propyl-2-furanpropanoic acid (CMPF) were determined by high-performance liquid chromatography (HPLC) as previously described [1, 2, 3] .
As the conversion of p-cresol to either pCG or pCS is covered through enzymatic conjugations by the host [4] , the measurements of pCG and pCS were summed to pcresyl conjugates (pC) when assessing their correlation to the microbial composition of the host.
Illumina-based microbial profiling
DNA was extracted from frozen fecal samples using the RNeasy PowerMicrobiome® Kit (QIAGEN group) according to the manufacturer's instructions, with minor adaptations. Bacterial and archaeal 16S rRNA genes were amplified using the 515F/806R primer set, targeting the V4 hypervariable region [5] . Sequencing was performed using the Illumina MiSeq platform with sequencing kit MiSeq v2, producing 250 bp paired-end reads. Sequence analysis was performed according to Geirnaert et al.[6] . Using UCHIME, FLASH-merged sequences were subjected to quality filtering with the FASTX-toolkit and chimera removal [7, 8] . Samples were rarefied and taxonomical classifications of sequences were performed with RDP classifier[9] to generate phylum to genus level composition matrices. Bootstrap values from the RDP classifier were used to identify sequences with high-confidence genus assignments (bootstrap value >0.8), while sequences classified with lower confidence were binned on family level (labeled unclassified family). A species-level matrix was generated by de novo OTU clustering with the UPARSE pipeline[10] using 97% identity threshold as described earlier [11] . Genus abundances were rarefied to 9,000 reads per sample.
Microbiota data visualization and analyses

Triplot
A triplot with Bray Curtis as dissimilarity measure on genus abundances was carried out using vegan. The top 10 taxa that most strongly co-varied with overall community composition and all significant non-redundant numeric metadata identified with envfit are added as arrows, of which the lengths represent the relative strength of the covariation with overall community composition.
PCoA plot
The PCoA plots were visualized using R packages ggplot2 [12] and phyloseq [13] .
Redundancy analysis (RDA)
RDA first expresses variables as a linear combination of underlying factors (multiple regression step). Then it carries out a PCoA on these linear combinations of underlying factors. Here, we selected two toxins (pC and IxS) as variables to test to what extent they could be explained by the taxon counts as underlying factors. Unclassified taxa and taxa with a prevalence below 20 were summed into two separate dummy taxa and then removed. Taxa were centred and scaled (mean zero and standard deviation one).
Comparison of inter-versus intra-patient beta-diversity
Intra-versus inter-patient beta-diversity was assessed by i) computing all pair-wise community dissimilarity values with Bray Curtis within each patient and for all patients and testing whether they were significantly different with the unpaired two-sided Wilcoxon rank sum test and ii) fitting a Dirichlet-Multinomial distribution with R package dirmult [14] , thereby quantifying the overdispersion .
Linear discriminant analysis (LDA) effect size (LEfSe) LEfSe was run on the Galaxy server with default settings (http://www.bioinformatics.nl/galaxy/), except for disabling normalization, since the data were already rarefied to the same total sample count.
Statistical analysis
Patient characteristics
The descriptive statistical analysis on the ESKD patient characteristics was performed with SPSS Statistics 24 (2016, Armonk, NY, USA). Data were checked for normality using the Shapiro-Wilk test. Due to missing data specific tests were used to analyze the data, for comparisons of the different time points of normally distributed paired data a linear mixed model for repeated measures followed by Bonferroni's multiple testing correction was used. For this, the different time points and each patient were set respectively as repeated and subject variables. Next, the different time points were introduced as a fixed factor and the numeric data as dependent variables. For comparisons between different time points of not-normally distributed paired data, Skillings-Mack test (package Skillings.Mack) was performed [15] . This statistical test was performed with R (2016, Version 3.3.1.). P-values < 0.05, or in case of multiple testing correction q-values < 0.05, were considered significant.
Data processing
Anatomical therapeutic chemical (ATC) classification system codes were merged up to the second level, including information on the anatomical main group and therapeutic subgroup. Metadata for which more than half of the values were missing and constant metadata were discarded, leaving 92 binary, 27 categorical and 46 numeric metadata items.
For envfit, metadata were further processed to remove all missing values. For this, all metadata items with more than 4 missing values in all patients at all time-points combined, were discarded. Remaining missing values were replaced with patientspecific means for numeric metadata items or the most frequent patient-specific categorical/binary value for categorical/binary metadata items. The missing-value free metadata set contains 56 binary, 13 categorical and 31 numeric metadata items.
Selection of metadata items co-varying with community composition A principal coordinates analysis (PCoA) with Bray Curtis as dissimilarity measure on rarefied genus abundances using vegan was carried out [16] . Vegan's function envfit was then run on the PCoA results and on missing-value-free metadata with 1000 permutations. All metadata items with Benjamini-Hochberg-corrected envfit p-values below 0.05 were deemed to significantly correlate with community composition. To ensure that results are robust to small noise, genus abundances were re-rarefied independently 10 times and only those metadata items that were significant across all iterations were retained. To reduce collinearity, all-pairwise Pearson correlations between envfit-selected metadata were computed.
For categorical data, a Pearson correlation analysis of the curated metadata was performed (threshold: 0.7). The correlating parameters formed clusters, represented as edges between metadata items in a graph and identified groups as connected components in this graph using R package igraph [17] . Per cluster the variable with the highest effect size (i.e. highest envfit score) was retained as a non-redundant covariate, with the exception of toxins, for which each group member was retained (see Supplementary Table S2 ). This way, we identified 36 metadata items that co-vary significantly with overall community composition (Supplementary Figure S3) .
SUPPLEMENTARY RESULTS
Patient characteristics
Characteristics of the 17 ESKD patients are summarized in Supplementary Table S3 . Their mean age was 73 ±10 years. The main causes of CKD were diabetic nephropathy (53%), renal vascular disease (24%) and glomerulonephritis (18%). No significant differences were found between different time points (Supplementary Table  S3 ). Eight ESKD patients were hospitalized during the study period for the following reasons: surgical intervention for arterio-venous fistula stenosis (patient (p)1, p16), dialysis catheter replacement (p6), surgery for pseudo-aneurysm in the groin (p10), fistula infection (p15, p16), bronchitis exacerbation (p17), finger amputation (p11), dyspnea and orthopnea (p11), renal cyst bleeding (p6), cholecystitis (p18) and unstable angina (p10). All but p1 and p16 received antibiotic treatment during their admission. Patient 7 was treated with antibiotics at W1 for bronchitis and patient 6 had recurrent liver cyst infection, resulting in a need for preventive treatment with antibiotics (temocillin, a β-lactamase-resistant penicillin).
Average residual renal function, calculated as the arithmetic mean of creatinine and urea clearance, was 4.62 ml/min and was significantly anti-correlated to serum values of IxS, IAA, HA and creatinine but not to the other metabolites measured (data not shown).
Characterization of the gut microbiome in ESKD
Co-variates of intestinal microbiota composition in ESKD Envfit combined with clustering was used to identify non-redundant parameters that significantly correlated with the overall microbiota composition, through correlation with PCoA eigenvectors. Length of scaled arrows reflects correlation with overall community composition. Supplementary Figure S3 depicts co-variates of gut microbiota composition as selected by Envfit with the individual patient as main covariate followed by medical history, medication use, blood values, Bristol stool score (BSS), anthropometric values and lifestyle parameters.
Comparison of BSS between patients on antibiotics versus not on antibiotics was assessed according to the unpaired two-sided Wilcoxon rank sum test. The test was repeatedly (100 times) applied to randomly selected sub-sets of non-antibiotic samples to compare an equal number of non-antibiotic and antibiotic samples. No significant difference in BSS between patients on antibiotics versus not on antibiotics was observed.
The correlation between intestinally generated uremic toxins and transit time was assessed, by looking at their correlation with BSS. The strongest correlation was found between IAA and BSS, followed by IxS and HA (Spearman correlation: 0.40, 0.32 and 0.30, respectively). As part of the samples were taken from participants on laxatives, the analyses were also repeated excluding samples of patients on laxatives, to avoid data distortion due to laxative usage (Supplementary Table S4 ) and the correlation between IAA and BSS became stronger (Spearman correlation: 0.50).
Variation in microbiota profiles in ESKD
The composition of fecal microbiota of patients in the present cohort was compared with that of subjects of the Flemish Gut Flora Project (FGFP) [11] which have a similar genetic and environmental background. The microbiome of the ESKD patients was compared to both the whole population-based cohort of 1106 subjects as well as to a subset of age-matched non-diseased controls (n=32). A significantly higher variability of the gut microbiome was observed in the 17 ESKD patients as compared to average subject-to-subject differences, both for the population-based cohort (P<0.0001) and the subset (P<0.0001; Supplementary Figure S1 ).
Projecting the ESKD patients' samples on the PCoA plot of the FGFP confirmed that these patients do not cluster in a specific area but rather are dispersed over the entire space of the control population. This indicates that the composition of gut microbiota is diverse among ESKD patients and that there is no overall shared compositional signature in this cohort (Supplementary Figure S2) .
Uremic toxin concentrations and associations with gut microbiota composition
Associations between IxS and pC and specific microbial taxa Using ordistep (with 500 permutations and 50 steps), we tried to assess which linear combination of taxa could significantly explain the observed metabolite concentrations. However, no significant explanatory linear combination of taxa could be identified.
Next, the fecal microbiota of patients with highest pC and lowest IxS serum concentrations (pChigh_IxSlow dataset) in this cohort was compared to the fecal microbiota of patients with highest IxS and lowest pC serum concentrations (pClow_IxShigh dataset) to identify potential microbial targets for concentration management. Using the quantile function in R, we selected the samples in the intersection of lowest and highest quantiles, i.e. [0.7,1] and [0,0.3] quantiles, for both toxins. Five samples resorted in the pChigh_IxSlow dataset and 15 samples fulfilled the criteria of the pClow_IxShigh dataset. Since the two groups had different sample numbers, also sub-sampling was tested.
The Dirichlet-Multinomial (DM) distribution was fitted to each group with the HMP R package in order to extract the taxon proportion vector, which is a parameter of the DM distribution. Assuming that taxon counts are well described by the DM, the two taxon proportion vectors were significantly different according to Generalized Wald test statistics (p<0.0001).
We performed a RDA using fecal bacterial taxa to try to explain the pC and IxS blood values, whereby the two selected metabolites were expressed as a linear combination of taxa (Supplementary Figure S4) . Using this approach, the proportion of metabolite variance explained by the genera is 69%. Based on the PCoA plot, it is apparent that Faecalibacterium and Bacteroides point towards high IxS and Lactobacillus, Enterococcus and Ruminococcus tend to be abundant in patients with high pC blood values (Supplementary Figure S4) .
Characterization of the stability of gut microbiota in ESKD patients over time
Correlating uremic toxins with overall within-patient gut microbiota community changes
The longitudinal sampling allowed us to assess if changes in microbiota composition correlated with changes in uremic toxin concentrations. Therefore, differences in uremic toxin concentrations were compared to the Bray Curtis dissimilarity indices for each sample pair within one patient. Changes in pC and IxS correlated significantly with community changes in the corresponding samples from the same patients ( Supplementary Figures S5A and B) . Also, IAA and creatinine variations correlated significantly with overall microbiota compositional changes (data not shown). No correlations were found here between changes in all other blood metabolites and fecal microbial community dissimilarity. Pearson correlation analysis of the curated metadata was performed (threshold: 0.7). 35 connected components were identified. Variable with the highest effect size (i.e. highest envfit score) per component was retained as a non-redundant covariate for further analyses.
SUPPLEMENTARY REFERENCES
Supplementary Supplementary Table 4 : Correlation between intestinally generated uremic toxins and transit time BSS= Bristol stool score which is used to assess transit time (slow transit= low BSS). Bonferroni correction was applied.
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LEGENDS TO SUPPLEMENTARY FIGURES
Supplementary Figure S1 . The gut microbiome of ESKD patients is more variable than that of average subjects. The box plots illustrate the span of all pair-wise dissimilarities in each of the three data sets (Flemish Gut Flora Project (FGFP), healthy age-matched FGFP and ESKD). To adjust for the different number of sample pairs, the number of sample pairs in the smallest data set (496 in the age-matched FGFP) was randomly selected from the two other data sets. The dissimilar distribution of the ESKD data has a significantly larger mean (p-value < 0.0001) than both the FGFP and age-matched FGFP data sets according to the Wilcoxon rank sum test, whereas there is no significant difference between the means of the FGFP and FGFP age-matched data sets.
Supplementary Figure S2 . Combined PCoA plot depicting samples from an average population (FGFP; in gray) and all samples collected in the present study (other colors -genera not present in both data sets removed). Dissimilarity computed with Bray Curtis.
Supplementary Figure S3 . Main co-variates of the fecal microbiota composition of ESKD patients. Final list of metadata selected by envfit, colored according to the Flemish Gut Flora Project (FGFP)[11] metadata categories (pink: medication; red: blood parameters; purple: bowel; dark blue: health; light blue: anthropometrics; green: life style). CMPF: 3-carboxy-4-methyl-5-propyl-2-furanpropanoic acid. Alpha diversity was calculated using the Shannon index as the sum of weighted taxon proportions. Richness equals the number of different taxa in a sample and was estimated using the Chao1 index. Larger values of the Shannon and Chao1 index represent higher alpha diversity and richness, respectively. Medication was classified according to the ATC-codes.
Supplementary Figure S4 . Proportion of p-cresyl conjugates and IxS blood values variance explained by fecal bacterial genera. A redundancy analysis (RDA) using the fecal bacterial taxa to explain the p-cresyl and IxS blood values was done. On the PCoA, pC and IxS metabolite variance is expressed as a combination of fecal bacterial genera.
Supplementary Figure S5 . Correlation between changes in blood metabolites and changes in fecal microbial composition. Intra-patient community dissimilarity (Bray Curtis) change of fecal microbiota versus uremic toxin concentration change for the concurrent blood sample pairs depicted for A. p-cresyl conjugates (R 2 = 0.236; p<1.10 -5 ) and B. indoxyl sulfate (R 2 = 0.122; p<1.10 -5 ).
